Fuzzy analytic hierarchy process (AHP) has been widely used for a variety of applications such as supplier selection, customer requirements assessment and the like. The vast majority of the applications, however, were found avoiding the use of sophisticated approaches for fuzzy AHP such as fuzzy least squares method while using a simple extent analysis for the sake of simplicity. The extent analysis proves to be incorrect and may lead to a wrong decision being made. This paper proposes a sound yet simple priority method for fuzzy AHP which utilizes a linear goal programming (LGP) model to derive normalized fuzzy weights for fuzzy pairwise comparison matrices. The proposed LGP priority method is tested with three numerical examples including an application of fuzzy AHP to new product development (NDP) project screening decision making.
Buckley [6] employed the geometric mean method to calculate fuzzy weights for each fuzzy matrix and combined them in the usual manner to determine the final fuzzy weights for decision alternatives. Chang [16] proposed an extent analysis method to derive crisp weights from fuzzy comparison matrices. Buckley et al. [7] directly fuzzified Saaty's original procedure of computing weights in hierarchical analysis to get fuzzy weights in fuzzy hierarchical analysis. Such a method proved to be quite complicated and required an evolutionary algorithm to be designed for obtaining fuzzy weights. Csutora and Buckley [18] proposed a Lambda-Max method to find fuzzy weights, which was also the direct fuzzification of the k max method. The LambdaMax method was found only able to generate nonnormalized fuzzy weights, which make no sense because some of them are too wide to be true. To derive a set of normalized fuzzy weights, Wang and Chin [44] came up with an eigenvector method, but found that not every fuzzy pairwise comparison matrix could derive a normalized fuzzy weight vector. Mikhailov [32] [33] [34] developed a fuzzy preference programming (FPP) method, which derives crisp weights from fuzzy comparison matrices.
Among the above approaches, the extent analysis was found to be the most widely used approach due to its computational simplicity. However, it proves to be incorrect and may result in a wrong decision to be made [44] . Detailed analysis on the extent analysis can be found in Wang et al. [44] and its misapplications are provided in Refs. [2] [3] [4] [8] [9] [10] [11] [13] [14] [15] [19] [20] [21] [22] [23] [24] [25] [26] [27] [28] [29] [30] [31] [36] [37] [38] 48] .
The purpose of this paper is to develop a sound yet simple priority method for fuzzy AHP so that the fuzzy weights of fuzzy pairwise comparison matrices can be derived more easily than those sophisticated approaches such as fuzzy LLSM, fuzzy preference programming method and the like. The proposed priority method uses a linear goal programming (LGP) model to derive normalized fuzzy weights for triangular fuzzy pairwise comparison matrices and will be tested with a number of numerical examples including an application of fuzzy AHP to new product development (NDP) project screening decision making.
The rest of the paper is organized as follows. Section 2 develops the LGP priority method for fuzzy AHP. Section 3 discusses the aggregation of local fuzzy weights to global fuzzy weights. Numerical examples are tested in Section 4 to provide an application of fuzzy AHP in NPD project screening. The paper concludes in Section 5. 
The LGP priority method for fuzzy AHP
where l ij = 1/u ji , m ij = 1/m ji and u ij = 1/l ji for all i, j = 1,. . ., n; j 6 ¼ i. The above fuzzy comparison matrix can be split into three crisp nonnegative matrices:
A L ¼ 
. ., n; j 6 ¼ i. According to Wang and Elhag [42] , the fuzzy weight vector f W is normalized if and only if
which can be equivalently rewritten as
If the fuzzy comparison matrix e A defined by Eq. (1) is a precise comparison matrix about the fuzzy weight vector f W , namely,
A must be able to be written as 2   6  6  6  6  6  6  6  6  6  4   3   7  7  7  7  7  7  7  7  7  5 : ð9Þ
According to the division operation rule of fuzzy arithmetic, i.e. (b
are two positive triangular fuzzy numbers, the fuzzy comparison matrix e A defined by Eq. (9) can be further expressed as ; ð10Þ
which can be split into three crisp nonnegative matrices, as shown below: 
:
It is easy to verify that
where 
which is the perfectly consistent condition for a triangular fuzzy comparison matrix to be perfectly consistent. 5 , which meets the condition of (14) .
It is therefore a perfectly consistent fuzzy pairwise comparison matrix. However, due to subjectivity and uncertainty in real judgments, DMs' subjective judgments cannot always be 100 percent accurate. In other words, Eqs. (11)- (13) cannot always hold. In the case that they do not hold, we introduce the following deviation vectors:
where E = (e 1 , . . ., e n ) T , C = (c 1 , . . ., c n )
is an n Â n unit matrix, e i , c i and d i for i = 1,. . ., n are all deviation variables. It is most desirable that the absolute values of the deviation variables be kept as small as possible, which enables us to construct the following nonlinear goal programming (NGP) model for determining the fuzzy weight vector f W :
where the first three constraints are Eqs. (15)- (17), the middle three constraints are the normalization constraints on the fuzzy weight vector f W , and the last three constraints are those on the lower and upper bounds of f W and its nonnegativity. From Saaty's eigenvector method (EM) [35] , it is known that for any crisp pairwise comparison matrix A M , there will exist a maximum principal right eigenvector c
There is no guarantee, however, that the deviation vectors E and C can also be nonnegative. 
where e þ i Á e À i ¼ 0 for i = 1 to n. As such, c i and jc i j can be expressed as
As a result, the NGP model (18) can be rewritten as
which is a linear goal programming (LGP) model, where e T = (1,
. ., n cannot be selected as basic variables in the simplex method at the same time. This is the LGP model we develop for fuzzy AHP. Such a method using the LGP model (25) for obtaining fuzzy weights from fuzzy pairwise comparison matrices is referred to as the LGP method.
For any perfectly consistent triangular fuzzy comparison matrix, the optimal objective function value J * is always zero. In another word, if the optimal objective function value of LGP model (25) turns out to be zero, then it can be concluded that the corresponding triangular fuzzy comparison matrix is perfectly consistent; otherwise, it is inconsistent. The magnitude of the optimal objective function value of LGP model (25) reflects to somewhat extent the degree of inconsistency of a fuzzy pairwise comparison matrix.
Despite the fact that LGP model is developed for triangular fuzzy comparison matrices, it can be easily extended to the situation of trapezoidal fuzzy comparison matrices. Consider for example a trapezoidal fuzzy comparison matrix shown below: where l ij = 1/u ji and m ij = 1/n ji for all i, j = 1,. . ., n but j 6 ¼ i. This trapezoidal fuzzy comparison matrix e B can be broken down into the following four crisp nonnegative matrices: 
based on which the following LGP model can be constructed to derive a normalized trapezoidal fuzzy weight vector
Minimize 
It is noted that the above LGP model (28) is also applicable to interval comparison matrices, which can be seen as a special case of trapezoidal fuzzy comparison matrices with B L B M and B N B U . As such, LGP model (25) is also applicable to crisp pairwise comparison matrices which can be viewed as a special case of triangular fuzzy comparison matrices with A L A M A U .
Global fuzzy weights and defuzzifications
In hierarchical structures, local fuzzy weights derived from fuzzy pairwise comparison matrices need to be aggregated into global fuzzy weights. Consider a simple three-level hierarchical structure shown in Fig. 1 . Suppose the local triangular fuzzy weights for upper-level criteria and lower-level alternatives have all been obtained using the LGP method, as shown in Table 1 , where ðw Table 1 forms a multiple criteria decision matrix and the global fuzzy weights can therefore be obtained by using the simple additive weighting method in multiple attribute decision making. That is
Þ. By fuzzy arithmetic, (29) can be approximately unfolded as
It is often found that the support intervals ½w
. . . ; nÞ determined by fuzzy arithmetic are too wide to be reached. Therefore, the more precise global fuzzy weights with narrower supports can be obtained by the following equation and linear programming (LP) models [5] :
Minimize w
Subject to w 
Alternative n (A n ) Fig. 1 . A three-level hierarchical structure for fuzzy AHP. 
The following theorem shows that the global fuzzy weights obtained in this way are always normalized. 
Proof. From Eq. (31) it can be derived that . As a result, we have w
, based on which it can be derived that
Since the above inequalities hold for all i = 1,. . ., n, it can therefore be concluded that
This completes the proof. h
In the case that a hierarchical structure has more than three levels, the obtained global fuzzy weights need to be further aggregated with the local fuzzy weights in the higher level to produce final global fuzzy weights for final decision making.
To make the final decision making easier, the final global fuzzy weights can be defuzzified as crisp numbers for comparison by the following centroid defuzzification formula [45] :
where w 0 ðA i Þ is the defuzzified centroid weight of decision alternative A i , based on which decision alternatives can be compared and ranked.
Numerical examples
In this section, three numerical examples are examined using the proposed LGP method to show its applications. Example 1 is a perfectly consistent fuzzy pairwise comparison matrix and the LGP method can produce a precise fuzzy weight vector to perfectly match it. Example 2 is an inconsistent triangular fuzzy comparison matrix and the LGP method produces a normalized fuzzy weight vector to match it in the sense of optimality. Example 3 is a hierarchical structure for new product development (NDP) project screening decision making and is resolved using fuzzy AHP. ; which is taken from Chan et al. [15] . The above triangular fuzzy comparison matrix can be broken down into three crisp nonnegative matrices, which are shown as follows: Since J * = 0.033902 6 ¼ 0, e A is therefore an inconsistent triangular fuzzy comparison matrix and its normalized triangular fuzzy weight vector can be generated as [16, 48] , the weights for the above triangular fuzzy comparison matrix should be W 0 = (0.71, 0.29, 0, 0, 0) T , which is completely unacceptable. Wang et al. [44] have revealed that the weights determined by the extent analysis method do not represent the relative importance of decision criteria or alternatives and therefore cannot be used as their priorities. This is the reason why the crisp weight vector obtained by the extent analysis are beyond the fuzzy intervals determined by the LGP method.
Example 3. NPD is highly risky because of tough competition and rapid technological and market changes. It demands advanced decision-making tools that can help manufacturing companies screen NPD projects in early product development stages to enhance the success of NPD projects. As a widely used decision-making tool, AHP has been illustrated by Calantone et al. [12] as a useful decision support tool for NPD project screening. Chin et al. [17] proposes a group-based ER-AHP system for product project screening by integrating the evidential reasoning (ER) approach and the AHP, which can help manufacturers in handling uncertainties and group-based decisions in the early NPD project screening stage. Fuzzy AHP, however, has never been used for NPD projects screening before. In this example, we illustrate that fuzzy AHP can be well used to support NPD project screening and deal with uncertainties and fuzziness in NPD project screening decision making. According to Chin et al. [17] , NPD project screening can be modeled as a hierarchical structure, as shown in Fig. 2 , where MKFIT, MANUFIT, CUSTFIT, FINRISK and UNCERT are five screening criteria, each with some sub-criteria. The definitions for these criteria and sub-criteria are documented in Table 2 .
Since precise judgments are not easy to make, fuzzy scales are therefore defined in Table 3 to better capture DM's subjective judgments. In the case that there are multiple DMs, each DM's subjective judgments may be weighted and geometrically averaged. Alternatively, LGP models (25) and (28) can be easily extended to the situation of group decision making. In Tables 4-14 , we show DM's subjective judgments on the pairwise comparison matrices for the five screening criteria, 13 subcriteria and three NPD projects. Note that EXPEND, R&DUNC and NONR&D are all cost-type sub-criteria. The cost-type criteria refer to those criteria for minimization rather than for maximization. In making pairwise comparisons for NPD projects, special attention has to be paid to the three cost-type sub-criteria because they are the smaller the better. If the EXPEND of one NPD project is about three times of that of another NPD project, then the ratio of the former to the latter should be 1=3 ¼ ð1=4; 1=3; 1=2Þ rather than3. This has never been mentioned or stressed in the AHP literature before. Tables 4-14 , a normalized triangular fuzzy weight vector can be generated for each of them. The results are shown in the last columns of the tables, from which it is easy to find that the DM considers MKTFIT and CUSTFIT more important than the other three screening criteria. It is also observed that NPD project A performs better than projects B and C for screening sub-criteria TIMING, MFGTECH, DESIGN, REVENUE and EXPEND, NPD project B is better than projects A and C for screening sub-criteria PRICE, MFGCAP and RELIA, and NPD project C is superior to projects A and B under screening sub-criteria LOGISTICS, SALES, SUPPLY, R&DUNC and NONR&D. Apparently, the three NPD projects are all non-inferior alternatives and none of them can be judged as the best NPD project without further analysis. Tables 15-19 show the global fuzzy weights of the three NPD projects with respect to each screening criterion, which are obtained by solving Eq. (31) and the pair of LP models (32) and (33), respectively. These global fuzzy weights are then aggre- gated further with the local fuzzy weights of the five screening criteria into the final global fuzzy weights, which are shown in Table 20 and depicted in Fig. 3 . It is very clear that NPD project A has the biggest global fuzzy weight with respect to the decision goal ''NPD Project Screening", followed by project B. Project C has the smallest global fuzzy weight with respect to NPD project screening. Therefore, project A is the best project for new product development. This example successfully shows that fuzzy AHP can provide very good decision supports to NPD project screening decision making.
NPD Project

Conclusions
Fuzzy AHP has found extensive applications in a variety of areas such as supplier selection, customer requirements assessment and the like. However, the huge majority of the applications just use a simple extent analysis for the sake of simplicity, which has been shown to be incorrect and may result in wrong decision being made. To correctly and successfully apply fuzzy AHP for decision making, we have proposed in this paper a sound yet simple linear goal programming priority method which we refer to as the LGP method for fuzzy AHP. It can be used as a major tool to tackle fuzzy AHP decision making problems due to its simplicity of computation and rationality of weights.
We have also tested the proposed LGP method with three numerical examples including an application of fuzzy AHP to NPD project screening decision making. The testing results show that the LGP method can derive precise fuzzy weights for perfectly consistent fuzzy comparison matrices and normalized optimal fuzzy weights for inconsistent fuzzy comparison matrices on the basis of minimum deviation. It is also shown that fuzzy AHP can be used as a very useful decision support tool for NPD project screening.
It is also noticed that in a significant number of fuzzy multiple criteria decision making applications, fuzzy numbers such as fuzzy ratings, fuzzy weights etc. are defuzzified as crisp numbers at the very beginning of decision analysis. This simplifies decision making process, but definitely suffers from information loss. In our proposed LGP method, whether or not normal- ized local fuzzy weights can be defuzzified using their centroids as crisp weights before global aggregation for facilitating computations is still an issue that needs to be investigated in the future.
